Prevalence of certain forms of psychopathology, such as autism and depression, differs between genders and understanding gender differences of the neurotypical brain may provide insights into risk and protective factors. In recent research, resting state functional magnetic resonance imaging (rfMRI) is widely used to map the inherent functional networks of the brain. Although previous studies have reported gender differences in rfMRI, the robustness of gender differences is not well characterized. In this study, we use a large data set to test whether rfMRI functional connectivity (FC) can be used to predict gender and identify FC features that are most predictive of gender.
| I N TR ODU C TI ON
Gender differences in cognitive abilities such as spatial perception, memory, and verbal skills have been reported across a wide array of studies (See Miller & Halpern 2014 for review) . While overall gender differences in group means have been reported in specific cognitive domains, the underlying neurobiology between genders remains unclear (Del Giudice 2009; Hyde & Plant 1995) . Reports of gender differences in cognition have spurred interest in examining structural and functional brain features which may differ between genders and underlie previous reports of cognitive and behavioral differences. Since the prevalence of certain forms of psychopathology differs between genders, such as autism being four times greater in males (Werling & Geschwind 2013) and major depressive disorder twice as common in females (Albert 2015) , understanding the neurobiology of gender differences may provide insights into risk and protective factors associated with psychopathology.
A meta-analysis of structural brain imaging studies reported that males exhibit larger total brain volume and gray and white matter tissue volumes. There are also regional gender differences in areas such as the amygdala, hippocampus, and insula (Ruigrok et al. 2014) . When multiple brain regions were examined, recent work concluded that brains can be considered as "mosaics" of male and female structural features with only a few individuals consisting entirely of male or female brain features (Joel et al. 2015) . Global trends in structural connectivity have been reported as well. In a DTI study males on average tended to exhibit more intra-hemispheric connectivity whereas females appeared to exhibit more inter-hemispheric connectivity (Ingalhalikar et al. 2014) . Structural brain features from multiple imaging modalities have also been used to predict gender with high accuracy (Feis et al. 2013 ).
Functional connectivity (FC) studies report stronger FC in the default mode network (DMN) for females within the posterior cingulate cortex/precuneus and bilateral medial prefrontal cortex (Bluhm et al. 2008 ). Stronger intra-network FC in females and stronger internetwork FC in males (Allen et al. 2011 ) and a mixture of higher and lower FC in males and females has also been reported in lobar regions (Filippi et al. 2013 ) in resting networks. Similar to findings using DTI (Ingalhalikar et al. 2014 ), a study using FC reported that males exhibit greater rightward lateralization of short-range FC compared to females (Tomasi & Volkow 2012) . Moreover, in our previous work (Zhang et al. 2016) we found significant and widespread gender differences of FC in frontal, parietal, and temporal lobes using regression analyses. We also reported graph properties that indicated greater local clustering in males compared to greater global clustering in females.
Despite reports of gender differences in FC, only a few studies have attempted prediction of gender using FC. A great number of gender discriminative FC were found in males in motor, sensory, and association areas, but only achieved a prediction accuracy of 62% (Casanova et al. 2012) . Smith et al. (2013) utilized rfMRI for gender prediction and reported a higher prediction accuracy of 87%. In the above studies, the total number of subjects used was small (N < 148). Recent work has found that rfMRI is extremely useful for individual prediction of cognitive, behavioral, and demographic measures. To date, studies have predicted individual brain maturity using resting FC in individuals age 7-30 (Dosenbach et al. 2010 ) and fluid intelligence in young adults (Finn et al. 2015) . Given the lack of previous research, it remains unclear the extent to which rfMRI can accurately predict gender. Thus, our goal was to implement gender prediction using resting state FC for a large cohort of 820 subjects with four runs of rfMRI.
This study attempts to answer the following questions: (a) Can gender be predicted with a high accuracy using rfMRI FC in a large data set? This study included 820 healthy adults (Gender: 366 males and 454 females; age: 22-37 years) from the human connectome project (HCP) (Van Essen et al. 2012 ) S900 release. We use the term "Gender" (instead of "Sex") following the HCP data dictionary. Subject demographics are shown in Table 1 . Age, handedness (Schachter et al. 1987 ), blood pressure, weight and brain volumes demonstrate significant gender differences. Additionally, the subject motion during rfMRI sessions (average frame displacement across time points and runs, Power et al. 2012 ) is included. HCP rfMRI data were acquired on a Siemens Skyra 3T scanner housed at Washington University in St. Louis. TR 5 720 ms, TE 5 33:1 ms, spatial resolution 5 2 3 232 mm 3 . More details about HCP data and MR imaging parameters can be found in the S900 release manual available at db.humanconnectome.org. Each subject underwent four rfMRI runs of approximately 15 min each, two runs in the first session (Day 1) and two runs in the second session (Day 2).
The data consisted of 1,200 volumes for each run and therefore each subject had 4,800 volumes for the four runs. Quality assurance and quality control strategies of HCP rfMRI are described in Marcus et al. (2013) .
Data used in this study were initially preprocessed by the HCP team and included the standard preprocessing steps (such as motion correction and spatial normalization) and ICA denoising to remove nonneural spatiotemporal components SalimiKhorshidi et al. 2014) . In addition, the 24 head motion parameter (Satterthwaite et al. 2013 ) time series were high-pass filtered and then regressed out from the rfMRI time series data.
| Region of interest (ROI) and functional connectivity
A functional brain atlas (Dosenbach et al. 2010 ) was used to reduce rfMRI data of the whole brain to 160 ROIs. These ROIs of 10mm-diameter spheres were centered around the MNI coordinates of the functional atlas and were functionally defined from a meta-analysis of five task fMRI studies which encompassed much of the cerebral cortex and cerebellum (Dosenbach et al. 2010 ). This atlas is a popular brain parcellation scheme and has been integrated into several brain network analysis/visualization tools (Cao et al. 2014; Wang et al. 2015; Xia et al. 2013 ). For each of the 160 ROIs, an average time series was calculated by averaging the time series of all the voxels that fell within an ROI.
This resulted in 160 ROI time series and these 160 time series were used for further analyses. For data presentation and interpretation the 160 ROIs are divided into the following six functional modules: frontoparietal, default, cingulo-opercular, sensorimotor, occipital, and cerebellum (Dosenbach et al. 2010 ). for the above three methods that combine all four runs, the constructed FC features were fed into subsequent classification analyses.
| Partial least squares regression
Classification algorithms use a number of predictor variables to predict one or more predicted variable(s). Hughes (1968) illustrated that with a fixed number of training samples, the predictive power reduces as the number of predictor variables increases. Therefore, feature selection or dimensionality reduction of the predictors is an essential step in machine learning applications when the number of predictors is large.
In this study as gender is predicted from a large number of predictors (at least 12,720 FC) the curse of dimensionality needs to be addressed.
Principal component analysis (PCA) is a benchmark dimensionality reduction method that applies a linear projection of the predictors in a manner that best explains the predictor variables. But PCA does not help to find associations between the predictor and predicted variables.
Partial least squares (PLS) regression is considered as a supervised version of PCA, and derives linear combinations of the original predictor variables that best predict the predicted variable (Abdi 2010) . The PLS method has been demonstrated to be well suited for analyzing associations between measures of brain functional activity and behavior (Krishnan et al. 2011; McIntosh and Lobaugh 2004; Qin et al. 2015; Ziegler et al. 2013 
The values of p predictors from n subjects are collected in a n3p matrix X. 
| Cross-validation of the prediction
Ten-fold cross validation, which balances the requirements of sufficient training samples to reach a good fit and large test sets to yield stable estimates of predictive accuracy (Varoquaux et al. 2016) , was applied to implement gender prediction. In Figure 1a , for each of the 10-folds, 10% of the subjects were left out as the test set and the remaining served as the training set. For explanatory purposes (to ensure that weights across features were comparable), feature standardization via z-transforms were implemented before feeding the training data to the PLS regression classifier (i.e., X tr was demeaned and then divided by the standard deviation so that the values of each feature had zeromean and unit-variance). After training was completed, the feature values of test set X ts were standardized by the mean/standard deviation derived from the training set (http://scikit-learn.org/stable/modules/ preprocessing.html), and were then combined with the linear coefficient B PLS to generate the predicted continuous response c Y ts . Y ts and c Y ts from 10 folds were combined to construct the receiver operating characteristic (ROC) curve for different classification thresholds. The area under curve (AUC) of the ROC was derived as a summary performance index for the classifier on the 820 subjects studied. Given that the gender variable was labeled as one for male and two for female, classification accuracy was calculated at a threshold of 1.5. 1214 (97) 1063 ( to X bo ; Y bo ) and the bootstrapped training set was fed into PLS regression to generate a new set of feature weights B PLS bo . For each feature weight, the bootstrap ratio R bo was calculated as the mean of the 1000 bootstrapped feature weights divided by their standard deviation. The bootstrap ratio is akin to a Student t criterion so if a ratio was large enough (a value of 2 or 3 roughly corresponds to a5:05 or a5:003 for a t test) then the corresponding feature was considered significant for the prediction (Fowler 2013) . The statistical strength of each feature was then derived as the absolute value of the average bootstrap ratio across 10 folds (Pereira et al. 2009 ). Table 1 and the prediction performance was close to the performance of training and testing within the same rfMRI run. However, as data from multiple rfMRI runs were incorporated, classification performance improved to 0.93 for AUC and 85% for accuracy. There were marginal differences in discrimination capability between the three multi-run methods. While "Concatenate FC" had the highest AUC value, the classification accuracy at the default threshold of 1.5 was slightly higher for the "Average FC" scheme. Tables 2 and 3 . The frame displacement is not significantly different between males and females, but was checked as FC can change with motion. The confounding variables were sorted by statistical significance of gender difference. The reduction in gender prediction AUC was found to be associated with the significance of gender difference.
Removing a confound that did not show a statistically strong gender difference (e.g., frame displacement, handedness, and age) did not reduce the gender prediction performance. For confounds where the gender difference was highly significant (e.g., blood pressure, weight, 
| Important FC features in gender discrimination
As classification performance was higher for multi-run methods, we illustrate important FC features only for multi-run predictions. Distribution In order to analyze patterns of feature contributions at the network level, and to see which networks contributed most to gender prediction, average intra-network and inter-network feature weights without thresholding were calculated for each of the six networks. Patterns from the three multi-run predictions are very similar and differences between "Average FC" and "Concatenate TC" schemes are minimal. Across all three methods, inter-network feature weights are close among the six networks and there are no cases where an inter-network feature has an obviously higher weight than the intra-network counterpart. Of the networks examined, the DMN has the highest intra-network feature weight, followed by fronto-parietal and sensorimotor networks. The other three networks (cingulo-opercular, occipital, and cerebellum) have comparable weights between intra-network and inter-network features. These trends held across all three methods with the exception of the occipital network in "Concatenate FC" method has a higher weight than the cingulo-opercular network and the cerebellum.
To check the robustness of identified important features across three multi-run gender prediction methods, FC features for each method were thresholded at a feature weight of three and then binar- 
| Gender prediction versus brain volume prediction
Brain volume is one variable demonstrating a significant gender difference.
In our study, we also implemented brain volume (gray matter 1 white mat- Table 4 . Two common FC features present in both predictions are highlighted.
| D ISC USSIONS

| Gender prediction performance and potential confounds
For the HCP rfMRI data but with a smaller number of subjects, our previous study (Zhang et al. 2016) showed that even for FC with the most 
Note. Each row represents an FC between two ROIs. FC features are ordered (high to low) based on the average absolute bootstrap ratio across three multi-run methods. FC features that are common between gender prediction and brain volume prediction are highlighted in bold font. The network to which the ROI belongs to is presented in parenthesis. Network acronym: FP 5 fronto-parietal; DE 5 default; CO 5 cingulo-opercular; SE 5 sensorimotor; OC 5 occipital; CE 5 cerebellum significant gender effect the FC values were on a spectrum and there was a large overlap between histograms for males and females. This result indicated that it is difficult to achieve a high gender classification accuracy by looking at a single FC feature. In this study we applied PLS regression to learn the weighting or the contribution of the original FC features and we made a combination of all FC features to derive a new jointly informative FC feature for gender prediction. This multivariate approach allowed for a robust classification of gender using rfMRI. For four individual runs of rfMRI scans, each of which was 15 min in duration, we achieved a consistent classification accuracy of 80% and an AUC of 0.88. Given that the four scans were collected on 2 different days, the consistency of prediction performance reflects the reproducibility of rfMRI data and resulting FC analyses. Experiments with three different ways of combining rfMRI data across four single runs observed an increased AUC from 0.88 to 0.93 and an increased classification accuracy from 80% to 85% for the default threshold ( Table 2) .
Results of permutation tests (Figure 2 ), in which correspondence between FC features and gender labels were permuted, demonstrate the significant associations between FC and gender and thus enable successful gender prediction. While high prediction accuracies were achieved by single runs of rfMRI, the integration of FC across multiple runs further improved performance. This is explained by the incorporation of an additional "averaging" step, by either averaging FC across runs or calculating FC from concatenated time series of runs, to facilitate noise removal and better characterization of the "true" underlying FC patterns. For the "Concatenate FC" scheme, the number of predictors was quadrupled through the incorporation of four runs into the prediction procedure. Regardless of the method, incorporating multiple runs has been shown to provide more stable connectivity estimates (Glasser et al. 2016) . Another recent study (Laumann et al. 2015) reports that highly reliable correlation estimates require considerable data. Therefore, in summary, combination of rfMRI data from multiple runs enables more stable and reliable FC patterns to be characterized.
This more precise delineation of individual FC traits, in turn, empowers higher gender classification accuracy.
We explored the potential confounds that may affect the gender prediction performance. In Table 3 , for the frame displacement and handedness which demonstrated no or weak gender difference, regressing them out from the FC features had little effect on the gender prediction AUC. However, as the gender difference of a confound became more significant, a higher reduction in the gender prediction performance was noted. This is reasonable and is expected. As the aim of this study is to predict gender, regressing out a confound that is highly correlated with the gender variable from every single FC feature can remove gender specific information from the predictors, and therefore, forcing the prediction performance to be weaker. However, even after regressing out the confounds, a high gender prediction accuracy could still be achieved (80% for regressing out blood pressure, 78% for regressing out weight and 70% for regressing out brain volume), illustrating the robust associations between FC features and gender. For brain volume, which demonstrated the most significant gender difference, we implemented the brain volume prediction algorithm using the same scheme as in gender prediction. Evident correlations were achieved between predicted and actual brain volumes. Different FC feature patterns across gender and brain volume predictions (Figures 5   and 6 and Table 4 ) demonstrate the distinction between these two predictions, and therefore, reduce the concern of confounding effect of brain volume in gender prediction.
| Effect of implementation schemes on results
The three schemes implemented for multi-run gender predictions achieved accuracies with only marginal differences. Moreover, two of the methods ("Average FC" and "Concatenate TC") achieved very similar results with regard to feature weights (Figure 3 ). These methods represent two ways of deriving FC features utilizing separate scans. 
| Important features for gender discrimination
In this study, we found that components of the DMN exhibited the greatest FC feature weight across all methods (Figure 3 ). In the top 20 predictive FC features for gender prediction (see Table 4 is located in the inferior temporal lobe and contains the fusiform face area which is responsible for face processing (Schultz et al. 2003) .
Previous work has shown that women and men exhibit differences in their ability to remember faces with women often outperforming
men (Herlitz & Lov en 2013) . Additionally, the lateralization in this region has also been shown to differ based on gender; men exhibit more rightward lateralized face processing while women exhibit more bilateral function (Proverbio et al. 2006 ). In the VMPFC it has been reported that men and women exhibit differences in lateralization as well with men exhibiting social, emotional, and decision making deficits following lesions in the right VMPFC but not when the left VMPFC was involved. The opposite finding was found in women (Tranel et al. 2005) . Taken together, previous research supports the findings of this article. Connectivity measures with high feature weights in these regions may be important for understanding the aforementioned gender differences in cognition and social cognitive abilities which have been reported previously. Finally, the fusiform gyrus has been implicated in autism spectrum disorder (ASD) (Trontel et al. 2013 ), which has a 4:1 propensity towards males. Applying the approaches described this article in children and individuals with ASD will help determine if these gender differences are present early in life, prior to puberty, and whether the FC differences, especially in inferior temporal and DMN regions, also extend to those with ASD.
While the DMN demonstrated a prominent role in gender prediction, there were also other networks that reported higher contributions. It is hard to distinguish the brain regions with more important FC features for gender prediction based on the distribution of feature weight plot (Figure 3) as the significant FC features were scattered across the brain. These widespread distribution of FC features were also found in our previous study for those with highly significant gender differences (Zhang et al. 2016) . However, the bar plots for the average feature weight on the network level ( Figure 3 ) identified two other sets of intra-network FC features: frontal-parietal and sensorimotor. These two networks demonstrated higher feature weights for gender classification. In our previous work Zhang et al. (2016) , most FCs within the frontal and parietal lobes were significantly different between males and females. Presence of higher average feature weights in the frontal-parietal network may demonstrate a gender difference related to aspects of attention such as error adaptation (Dosenbach et al. 2007 ), working memory (Hill et al. 2014 ) and attentional control (Scolari et al. 2015) . As for the sensorimotor network which is responsible for integrating sensory and motor information, reliable gender difference with increased FC has been previously reported (FC in male > female) (Weis et al. 2017) . Well established gender differences in spatial processing and sensorimotor speed (Ingalhalikar et al. 2014; Linn & Petersen 1985) may be associated with the FC differences in the sensorimotor network. Moreover, lower performance in spatial processing in patients with ASD have also been linked to the sensorimotor regions (Silk et al. 2006 ) and thus gender differences within the sensorimotor network may be associated with gender differences in the prevalence of ASD.
| L I M I TA TI ONS
In this work, FC between ROIs was computed using Pearson's correlation between the average time series of all voxels that fall within the 
| CON CL U S I ONS
Utilizing partial least squares regression techniques, gender classification based on rfMRI FC data was implemented with a high classification accuracy around 80% for individual runs. By combining multiple runs of rfMRI the classification accuracy increased to 85%. Further, we report that intra-network connectivity in the DMN exhibited the greatest importance for gender discrimination. In particular, FC pairs within the DMN containing the right fusiform gyrus and right VMPFC exhibited large FC feature weights. Permutation tests, consistent findings across different implementation schemes, and correspondence between FC feature weights and previous reports of gender differences, demonstrate the reliability of gender prediction using rfMRI FC. These findings hold important implications for future studies. A complete characterization of gender differences is essential to accurately characterize cognitive and behavioral phenotypes and their neural substrates.
This study provides further support for the existence of gender differences in brain connectivity and thus points to the need for studies examining brain structure and function to carefully account for gender.
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